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Abstract
The main goal of this Master’s thesis is to identify the impact of education on
changes in the Portuguese wage distribution using quantile regression methods. I
explore the counterfactual decomposition method proposed by Machado and Mata
(2005) to decompose changes in the wage distribution from 1994 to 2018 into the
factors contributing to those changes: composition effects (characteristics of the
Portuguese working force) and structural effects (returns to those characteristics).
The results show that education was a key factor contributing to higher wages but
also greater wage inequality.
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1 Introduction
This paper studies the impact of education on wage inequality in Portugal, from 1994 to 2018.
Using the methodology proposed by Machado and Mata (2005), I decompose the changes that
occurred in the Portuguese wage distribution in this period into two factors: changes in the
productive characteristics of workers and changes in the return to labour market skills. The
results show that education contributed unequivocally to higher wages and to greater wage
inequality, despite the observed decline in inequality measures during the period.
This finding goes in hand with the previously addressed inequality increasing effect of
education reported by an extensive list of studies employing quantile regression methods. De-
spite the fact that educational policies are widely seen as tools to mitigate income inequalities,
the evidence obtained in this work suggests that the benefits of education are not equally shared
by workers at different positions in the wage distribution: education has a greater impact on the
wages of workers at the top of the wage distribution than it has on workers at the bottom.
The paper is structured as follows: Section 2 reviews the literature around decomposi-
tion methods and wage inequality. Section 3 presents the methodology used in this paper and
Section 4 characterizes the data set used in this work. Section 5 describes the Portuguese wage
distribution, separating the role of the characteristics of the working force and the Portuguese
wage structure. Section 6 presents the results from the Machado and Mata (2005) decomposi-
tion method and Section 7 discusses the implications of the reported results and concludes.
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2 Literature Review
The main ingredient of this thesis is the methodology proposed by Machado and Mata (2005).
This decomposition method resembles the spirit of the conventional Oaxaca-Blinder method
that decomposes changes in mean wages between two groups into a composition effect (changes
in worker’s characteristics) and a wage structure effect (changes in regression coefficients).
However, it has the additional feature of extending the Oaxaca-Blinder decomposition effects
on mean wages to the entire wage distribution.
The decomposition of differences in wage distributions of two groups depends on the con-
struction of a counterfactual wage distribution, obtained by manipulating wage-setting functions
through counterfactual distributions of observed characteristics of the working force. To achieve
this, Machado and Mata rely on quantile regression methods proposed by Koenker and Basset
(1978). The authors estimate conditional wage distributions by quantile regressions and use re-
sampling procedures to estimate marginal densities of wages consistent with these conditional
wage distributions and with hypothetical distributions of worker’s attributes. For example, one
could estimate the marginal density of wages in 2018 as if all covariates (or just one) were dis-
tributed as in 1994. Comparing these counterfactuals with the actual marginal distribution of
wages in 2018 would give us the effect of changes in characteristics of workers on changes in
the distribution of wages (composition effect or individual effect of each variable on changes in
the distribution of wages). By applying this methodology to Portugal, using data between 1986
and 1995, the authors found that the increase in educational levels during the period was at the
root of the observed increase in wage inequality.
This decomposition method has already been used in the Portuguese labour market litera-
ture. Cardoso, Guimarães, Portugal and Raposo (2016) use the Machado and Mata procedure to
identify the sources of gender differences in the distribution of wages in Portugal for the years
1991 and 2013 and to compare how the sources of variation have changed between the two
years. The authors find a decrease in the magnitude of the gender gap from 1991 to 2013 and
a higher role of structural effects in explaining the gender gap in both years. Portugal, Raposo
and Reis (2018) also use this method to disentangle the structural and compositional changes in
the distribution of wages in Portugal from 1988 to 2013 and to isolate the effects of changes in
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educational levels for workers and observed changes in the returns to labour market experience,
finding that education was the most decisive factor in shaping the Portuguese wage distribution.
Many other methodological papers about decomposition methods in economics were writ-
ten since the emergence of the seminal papers of Oaxaca (1973) and Blinder (1973), that com-
pose the Oaxaca-Blinder decomposition method. A common goal of these recent methods is ex-
panding Oaxaca-Blinder decomposition to other distributional statistics beyond the mean to un-
derstand the underlying factors behind inequality growth since the late 1970s. Fortin, Lemieux
and Firpo (2011) provided an extensive overview of the literature around many of these decom-
position methods, from which I highlight Juhn, Murphy and Pierce (1993), DiNardo, Fortin and
Lemieux (1996) and as already referred Machado and Mata (2005) methodologies.
Juhn, Murphy, and Pierce (1993) proposed a residual imputation procedure that tried to
explain the rising wage inequality in the US during the 1970s and 1980s. The authors devel-
oped a framework using OLS wage regressions that decomposed changes in inequality into
three sources: composition effects, structural effects and changes in the distribution of residu-
als. By simulating counterfactual distributions, this method is able to identify the contribution of
changing ”quantities”, the marginal contribution of changing ”prices” and the marginal contri-
bution of changing residuals to changes in inequality (where the residuals represent unobserved
ability and its respective market price). The author’s main conclusion was that the trend to-
wards greater wage inequality beginning in the 1970s was attributable primarily to increases in
the price of both unobserved and observed dimensions of skill (especially unobserved). They
attributed this to a pervasive demand shift toward the most skilled, which was later interpreted
as being driven by Skill-Bias Technological Change.
DiNardo, Fortin and Lemieux (1996) proposed an alternative explanation focused on the
role of wage-setting institutions in explaining growth in inequality in the US between 1979
and 1988, by accounting for the effects of two possible institutional factors: de-unionisation of
workers and fall in real minimum wages. The authors proposed a semi-parametric procedure to
estimate and analyse counterfactual densities of wages, by applying kernel density estimates to
appropriately weighted samples using a reweighting factor. The main idea consists in estimating
simple counterfactual densities, such as the hypothetical density of wages in 1989 if worker
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attributes (for example their union status) had remained at their 1979 levels. This is done by
using a reweighting factor that replaces the marginal density of a certain covariate in 1989 with
the marginal density of the same covariate in 1979 (Lemieux (2002) extended this methodology
to account for the role of prices, previously referred as ”unexplained changes”). The main
conclusion of the authors was that labour market institutions (especially the role of unions and
the minimum wage) were as important as supply and demand factors to explain changes in the
US distribution of wages.
The three methodologies described above (Juhn, Murphy and Pierce (1993); DiNardo,
Fortin and Lemieux (1996); Machado and Mata (2005)) are considered to be among the most
widely used decomposition methods in the labour economics literature and set the theme for
the emergence of many influential ideas about wage inequality, some of which I will describe.
Firstly, Lemieux (2005) (thereafter Lemieux (2006b)) documented the marked growth in
residual wage inequality in the US between 1973 and 2003. This development had already
been documented by Juhn, Murphy and Pierce (1993), that considered that this steep growth
accounted for much of the growth in overall wage inequality. The main difference between the
two papers was the source attributed to the growth in residual inequality. Contrary to Juhn, Mur-
phy and Pierce, Lemieux did not focus solely on the skill-premium hypothesis. The author also
considered the hypothesis that the dispersion in unobserved skills might had been increasing due
to composition effects. To Lemieux, growth in residual wage inequality was essentially orig-
inated by the secular increase in experience and education, two factors associated with higher
within-group wage dispersion, as previously explored in the literature: 1) More experienced
workers have more dispersed distributions of skills due to differential investments in on-the-job
training, as proposed by Mincer (1974); 2) residual variance of wages increases with schooling
levels as proposed by Mincer (1997). Hence, if the share of groups in the economy having more
dispersed wages increases (via composition effects) residual inequality might be increasing.
This idea is also explored in Machado and Mata (2005) to explain the inequality increas-
ing effect of education. In an economy composed of two types of workers- low-and high-skilled
(measured by years of schooling)- an increase in the proportion of high-skilled workers is con-
ventionally perceived to reduce wage inequality via two mechanisms: a price effect (relative
5
wage for skilled workers decreases) and a composition effect (proportion of skilled workers
earning higher wages increases). The problem with this reasoning is that it neglects wage vari-
ation within groups. An increase in the proportion of skilled workers in the economy could be
inequality increasing if there is more wage dispersion in this group. The extent of within-group
inequality can be measured using quantile regressions, by comparing regression coefficients for
different quantiles. As the authors point out, for Portugal, between 1986 and 1995, the effect
of education was more decisive at the top quantiles of the wage distribution than at the bottom,
meaning that education contributed to more wage dispersion, and hence that better-educated
workers exhibited more dispersed wage distributions than lesser-educated workers. Addition-
ally, the returns to education increased at the top of the wage distribution and remained constant
at the lowest quantiles. Campos and Reis (2017) also document an increase in the return to edu-
cation along the Portuguese wage distribution in 2013. By comparing the returns to education at
different quantiles (90/10, 90/50, 50/10) between 1986 and 2013, the authors provide different
dispersion measures that exhibit increasing inequality in the returns to education.
The second idea refers to Autor, Katz, and Kearney (2005). The authors used quantile
regressions to explain the existing divergence in inequality trends in the US since 1987: steady
rise in upper-tail inequality against flat or declining lower-tail inequality. By using an extension
of Machado and Mata (2005) quantile approach that nests both Juhn, Murphy and Pierce (1993)
and DiNardo, Fortin and Lemieux (1996) methods, the authors concluded that the mechani-
cal effects of shifts in labour force composition (proposed by Lemieux (2005) did not explain
the asymmetric growth of wage inequality. As for the sources of the divergence in upper-and
lower-tail inequality, Goos and Manning (2007) would later propose an eloquent explanation
for the UK wage distribution that was afterwards applied to the US by Autor, Katz, and Kear-
ney (2008): the impact of computerization on changing demand for job tasks. The main idea
is that computerization led to structural shifts in the demand for job tasks compatible with the
“polarization of work”- sharp rise in demand for ”abstract tasks” (that require higher educa-
tional attainments); reducing demand for ”routine tasks” performed by plenty middle educated
workers, with little impact on ”manual tasks” used by many low-skilled workers in service jobs.
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3 Empirical Methodology
3.1 Quantile Regression Methods (QR)
The first step to estimate quantile regression methods is the conditional quantile function (CQF).
The CQF for a random variable Y continuously distributed, given a set of covariates x is repre-
sented by:
Qθ(yi|xi) = F−1Y (θ|xi) (1)
where FY (y|x) is the conditional distribution function of Y given x, and θ represents the quan-
tile of the conditional distribution. The dependent variable, yi refers to the logarithm of hourly
real wages (or wi) and xi corresponds to the set of worker and firm characteristics: gender, age,
age squared, tenure, tenure squared and education (years of schooling) for workers and firm




where β(θ) is a vector of coefficients. Following Koenker and Basset (1978) we can













(1− θ)|wi − xiβθ|
(3)
where ρθ(u) (also called check function) is an asymmetric loss function.
Quantile regression methods allow some heterogeneity in the coefficients, by taking into
account the position of an individual along the wage distribution and running a separate regres-
sion for each value of θ. Hence, β(θ) will correspond to the return of the different worker and
firm attributes on the θth quantile of the wage distribution, conditioning on a set of covariates.
The main motivation to apply quantile regressions is that they provide information about
the whole conditional wage distribution. This is especially relevant when covariates affect other
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moments of the distribution of wages apart from the mean, for example in the form of het-
eroskedasticity. Additionally, by comparing coefficients at different points of the distribution
(for example upper and lower deciles) we can obtain measures of inequality, and understand
which covariates contributed to more/less inequality. If coefficients are not constant across
quantiles, there may be signs of within-group inequality: workers with the same characteristics
but located at different points of the wage distribution having different rates of return.
3.2 Machado and Mata (2005) Decomposition Method
The conditional quantile function Qθ(w|x) fully characterizes the conditional distribution of
wages for θ ∈ (0, 1). Machado and Mata propose a resampling procedure that simulates a
random sample from the conditional distribution of wages that is consistent with the QR model.
The main idea of this procedure rests in the probability integral transformation theorem:
By randomly drawing θ1, θ2, ..., θm from a uniform distribution (0,1), and for each θi estimating
the model in (2) and obtaining m vectors β̂(θi), we can ensure that for a given value of covariates
xi, the conditional quantiles function of wages evaluated at xi , {x
′
iβ̂(θi)}mi=1 will be a random
sample from the estimated conditional distribution function of wages given xi. Hence, this
simulation technique provides a full characterization of the conditional distribution of wages.
To obtain a marginal density of wages, the authors propose integrating out the condi-
tioning covariates. This integration is performed with respect to different joint distributions of
covariates, g(x) at time t (t = 0 refers to 1994 and t = 1 to 2018). The procedure is summarized
as follows:
For the data set at time t :
1. Generate θi, i = 1, 2; ...,m from a U [0,1] and estimate β̂t(θi) for each t and i;
2. Generate a random sample of size m with replacement from the rows of g(x) denoted
by {x∗i }, i = 1, ..,m;





This constitutes a random sample of size m from the marginal distribution of wages.
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Alternatively, instead of drawing random values for the quantiles from a uniform distribu-
tion, one could estimate 99 quantile regressions, one from each percentile from 1 to 99. In this
case, instead of drawing the rows of g(x) from replacement, we could directly apply a random
sample from the distribution of covariates g(x) to the transposed vector of 99 coefficients βt(θi).
In other words, by attributing a random sample from g(x) to each percentile we would obtain a
draw from the estimated conditional distribution of wages.
In this setting, g(x) may represent the actual distribution of covariates, but also any distri-
bution of interest. For example, when g(x) represents the distribution of covariates in 1994, by
applying it to the coefficients matrix β0(θi) we obtain a sample from the conditional distribution
of wages in 1994 : f ∗(w(0)). If, on the other hand, we wanted to construct a counterfactual
distribution, we could apply the distribution of covariates in 1994 (g(x(0))) to the coefficients
matrix in 2018 (β1(θi)). This would give us the counterfactual wage distribution in 2018 if
covariates were distributed as in 1994 (f ∗(w(1); g(x(0)))). By comparing:
• f ∗(w(1)) with f ∗(w(1); g(x(0))) we obtain the composition effect: the effect of covari-
ates on changes in the wage distribution.
• f ∗(w(1); g(x(0))) with f ∗(w(0)) we obtain the structural effect: the effect of QR coeffi-
cients on changes in the wage distribution.
In this way, it is possible to decompose changes in the wage distribution into changes in
covariates and coefficients. This method applies the traditional Oaxaca-Blinder decomposition
to the entire wage distribution, rather than just the mean. Additionally, it allows us to construct
counterfactual distributions, and isolate the impact of individual covariates and their coefficients
on changes in the wage distribution.
The impact of a single covariate y is obtained by simulating the wage distribution that
would occur if only one covariate was distributed as in 1994 and the remaining covariates as
in 2018 (f ∗(w(1); y(0))). This would give us the counterfactual wage distribution in 2018 if,
for example, education was distributed as in 1994. By comparing it with the actual distribution
of wages in 2018, we obtain the education composition effect. This implies reallocating the
weights given for the different classes that compose a specific covariate. For example, for the
variable gender, this would imply changing the proportion of men and women in the workforce
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in 2018 to the levels observed in 1994. By the same token, we could also identify the impact
of changing returns to each covariate, by computing the difference between the counterfac-
tual wage distribution in 1994 if only the coefficient under scrutiny was distributed as in 2018
(f ∗(w(0); βy(1))) with the wage distribution in 1994. Summing up:
• f ∗(w(1))− f ∗(w(1); y(0)) : individual composition effect
• f ∗(w(0); βy(1))− f ∗(w(0)) : individual structural effect
4 Data description
The analysis performed in this paper is based on Quadros de Pessoal, an annual mandatory
survey conducted by the Ministry of Labour and Social Security which contains information
about all establishments that employ at least one dependent employee in Portugal. The survey
covers detailed information about worker’s wage components (wage, hours worked), worker’s
attributes (such as gender, age, tenure at the firm, schooling), and firm-level characteristics (such
as industry and dimension of the firm).
My data set consists of two samples of 100,000 workers for the years 1994 and 2018
respectively, randomly extracted from Quadros de Pessoal. The two samples restrict to full-time
wage earners aged between 18 and 65 years, with base wage higher than 80% of Portuguese
minimum wage in each year (lowest admissible wage for apprentices) and with information
regarding gender, age, tenure, schooling, and firm size and industry of the firm. Workers from
the Agriculture and Fishery sectors were excluded from the sample.
The wages are defined as the sum of all regular payments (base wage, extra hours, and
other regular payments). The hourly wages are obtained by dividing regular wages by the num-
ber of hours worked (normal and extra hours). The wages are deflated by the Portuguese CPI
with the base year 1994. In Quadros de Pessoal, the education level of an individual is defined
by a categorical variable that reports the maximum education level obtained. Additionally, a
continuous variable for education was created based on Quadros de Pessoal nomenclature, giv-
ing information about the minimum amount of years needed to attain the highest education level
reported in the data set.
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5 Composition and Wage Structure
5.1 Composition of the workforce
To decompose the changes that occurred in the Portuguese wage distribution from 1994 to 2018,
we should disentangle the factors that contributed to those changes: changes in the productive
characteristics of the workforce (covariates); and changes in the return to these characteristics
(coefficients or wage structure). During this period, as Figure 1 shows, the wage distribution
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Figure 1: Log hourly wage distribution for 1994 and 2018
Table 1 reports inequality measures for 1994 and 2018. The variance and quantile ratios
refer to the logarithm of real hourly wages, and the Gini Index to the real hourly wages. In line
with Figure 1, all the inequality measures point o a decrease in wage inequality. Additionally,
this decrease appears to be essentially concentrated in the lower half of the wage distribution:
The 90/10 log wage ratio decreased by 22.4 log points, and 76% of this drop is explained
by the drop in the 50/10 ratio. One possible explanation for this pattern could be the sharp
increase in the minimum wages that Portugal witnessed in the period and the fact that the impact
of minimum wages is concentrated at the lower tail of the wage distribution, as explored by
Centeno and Novo (2009).
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Table 1: Inequality Measures
One of the main goals of this work is to explain which factors contributed to the main
changes in the wage distribution previously described. Traditional wage equations use the vari-
ables included in specification (2) as explanatory variables. For Portugal, these variables explain
from 43% to 55% of the wage variation in 2018 and 1994, respectively.
Table 2 describes the main characteristics of the Portuguese workforce. From there, we
can observe an increase in female labour market participation rate; an increase in the average
age of workers, which is very likely related to the fact that average educational levels increased
significantly, from 6.65 to 10.28 years of education; and finally a decrease in the average job
tenure at the firm and the average dimension of firms.
1994 2018










Less than 9th grade 0.67 0.21
9th grade 0.15 0.26
Secundary Education 0.13 0.31
Higher Education 0.05 0.22
Table 2: Covariates - descriptive statistics
Notes: Sample means (Standard errors in parenthesis).
Additionally, a closer examination regarding educational levels allows us to better under-
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stand the nature of composition changes in the education of workers. There is a marked increase
in the proportion of workers with a high school diploma and higher education and a substantial
decrease in the proportion of workers with less than the 9th grade.
As discussed in the literature review, education and age are the variables associated with
higher within-group dispersion. Hence, if the workforce becomes older and more educated,
these two factors could be contributing to more residual wage inequality. Following Centeno
and Novo (2009), Table 6 in the Appendix reports the evolution of wage dispersion within
nine narrow education and age groups. The variable age is partitioned into three classes (<36,
36-45, >45)), as is education (6 or less years of schooling, 9th grade or Secondary Education,
College degree). The inequality measures in Table 6 confirm that wage dispersion increases with
education and with age (for the three education-skill groups), meaning older and more educated
individuals have more dispersed wage distributions. The 90/10 quantile ratio has decreased for
all the nine skill groups, except for older individuals (age greater than 45) with a college degree.
The lower-tail inequality decreased for all the three education groups. The upper-tail inequality
only increased for the higher educated group.
5.2 Wage Structure
To characterize the wage structure, I estimate quantile regressions for the logarithm of real
hourly wages using the model specification in (2). The coefficients β(θ) represent the return
of an individual covariate at the θth quantile of the distribution of real hourly wages. Table 3
exhibits quantile regressions for θ = {10, 25, 50, 75, 90}. There are essentially two dispersion
measures we are interested in. The first is to compare, for each year, coefficients for different
points of the wage distribution. The second is to compare how coefficients have changed for
each quantile between the two years. Both will describe the impact of each covariate upon wage
dispersion.
From Table 3, we can observe that women earn less than men at all the selected quantiles
and that the gender gap increases along the wage distribution, being much more pronounced in
the highest quantiles. These results imply that a regression upon the mean would not adequately
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capture the existing differences in the wage distributions of the two groups and that women
exhibit less dispersed wage distributions than men. Women earned 22.1 log points (24.7 per
cent) and 15.5 log points (16.8 per cent) less than men at the conditional median in 1994 and
2018, respectively. The gender gap became much more narrow between the two years, despite
the fact this gap decreased much less at the higher quantiles.
Regarding age, a proxy for labour market experience, there are two important findings.
First, the returns to age are positive and monotonically increasing with the quantiles. In other
words, more experienced workers have higher wages, especially at the highest quantiles. Sec-
ondly, the returns to experience have dropped considerably between 1994 and 2018 for all quan-
tiles. Contrarily to this pattern, the returns to tenure at the firm are more homogeneous and have
increased at the upper half of the wage distribution, remaining roughly constant at the left tail of
the wage distribution. The coefficients for firm size capture some of the heterogeneity in firm’s
pay policies: larger firms pay higher wages at all the selected quantiles. The returns are constant
across the quantiles in 1994 and have dropped considerably across the entire distribution from
1994 to 2018, especially at the left tail of the wage distribution.
One of the most interesting results from Table 3 is the inequality increasing effect of
education. The impact of education on wages is positive at all points of the wage distribution,
but it is increasing with the quantiles. This suggests that education is more valued at higher-
paid jobs. Hence, increasing the educational levels of the workforce would translate into a
more dispersed distribution of wages because more educated workers exhibit more spread out
wage distributions. The returns to education have decreased in all quantiles except the 90th
quantile from 1994 to 2018. Nevertheless, this decrease was much more striking at the bottom
of the wage distribution. This fact, associated with the monotonic increase of the impact that
education has on wages along the wage distribution shows evidence that education contributed



























































































































































































































































































































































































































































































































































































































































































































































































































































































6 Changes in the distribution of wages
6.1 Aggregate Decomposition
Table 4 exhibits the results of the aggregate decomposition. Columns 1 and 2 represent the
estimated conditional wage distributions in 1994 and 2018, respectively, and column 3 the dif-
ferences between the two distributions. The results from our model show great resemblances
to the changes in the empirical wage distribution: inequality measures decreased considerably,
this decrease being more concentrated in the lower half of the wage distribution. The wage
distribution has shifted to the right, but this shift was more pronounced at the lower quantiles.
Table 4: Aggregate Decomposition
(1) (2) (2)-(1) (x1b1-x0b1) (x0b1-x0b0)
1994 2018 Change Covariates Coefficients
10th quant. 0.388*** 0.762*** 0.374*** 0.154*** 0.220***
(0.001) (0.000) (0.001) (0.000) (0.000)
20th quant. 0.530*** 0.860*** 0.329*** 0.179*** 0.151***
(0.001) (0.000) (0.001) (0.000) (0.000)
30th quant. 0.651*** 0.950*** 0.299*** 0.212*** 0.087***
(0.000) (0.000) (0.001) (0.001) (0.000)
40th quant. 0.769*** 1.043*** 0.274*** 0.236*** 0.038***
(0.001) (0.000) (0.001) (0.001) (0.000)
50th quant. 0.892*** 1.145*** 0.253*** 0.257*** -0.004***
(0.001) (0.001) (0.001) (0.001) (0.000)
60th quant. 1.028*** 1.262*** 0.234*** 0.276*** -0.042***
(0.001) (0.001) (0.001) (0.001) (0.000)
70th quant. 1.190*** 1.405*** 0.215*** 0.294*** -0.079***
(0.001) (0.001) (0.001) (0.001) (0.000)
80th quant. 1.400*** 1.592*** 0.191*** 0.306*** -0.114***
(0.001) (0.001) (0.001) (0.001) (0.001)
90th quant. 1.715*** 1.876*** 0.161*** 0.301*** -0.140***
(0.001) (0.001) (0.002) (0.001) (0.001)
90/10 1.327*** 1.115*** -0.213*** 0.148*** -0.360***
(0.001) (0.001) (0.002) (0.001) (0.001)
90/50 0.824*** 0.731*** -0.092*** 0.044*** -0.137***
(0.001) (0.001) (0.002) (0.001) (0.001)
50/10 0.503*** 0.383*** -0.120*** 0.103*** -0.224***
(0.001) (0.001) (0.001) (0.001) (0.001)
Notes: The estimated wage distributions were obtained by applying the QR coefficients
to different distributions of covariates. A random sample of 10,000 individuals was at-
tributed to each percentile from 1 to 99. The standard errors (in parenthesis) are obtained
from 100 bootstrap replications. **** p<0.01, ** p<0.05, * p<0.1
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Columns 4 and 5 decompose the changes reported in column 3 into a composition and a
structural effect. The first one is obtained by comparing the wage distribution in 2018 (x1b1)
with the counterfactual distribution in 2018 if all covariates were distributed as in 1994 (x0b1),
hence isolating the impact of covariates (x’s) on changes in log hourly wages. Composition
effects contributed to the observed shift to the right of the whole conditional wage distribution,
with the magnitude of this shift increasing monotonically with the quantiles. As a result, the
observed changes in the composition of the workforce would have increased the 90/10 ratio by
14.8 log points, holding coefficients constant.
The structural effect, shown in column 5, is obtained by comparing the counterfactual
wage distribution in 2018 if covariates were distributed as in 1994 (x0b1) with the wage distri-
bution in 1994 (x0b0), hence isolating the impact of coefficients (β’s) on changes in log hourly
wages. The results suggest that: 1) structural effects contributed to the observed shift of the
wage distribution to the right only up to the 40th quantile, reinforcing the composition effect.
From the 40th quantile onwards, coefficients had a negative impact on the wage distribution,
since the returns to some attributes have decreased between 1994 and 2018; 2) Contrarily to
composition effects, structural effects contributed to a less unequal wage distribution: holding
the composition of the workforce constant, changes in coefficients would have decreased the
90/10 ratio by 36 log points. This decrease outweighed the opposite increase due to composi-
tion effects, leading to a decline in estimated inequality measures from 1994 to 2018.
Figure 2 shows the estimated wage distributions based on 99 quantile regressions. On
the left side, two distributions are presented: the wage distribution in 2018, and the counter-
factual distribution in 2018 if all covariates were distributed as in 1994. As shown in Table
4, composition effects contributed to a clear shift to the right of the wage distribution. The
right side, in turn, presents the wage distribution in 1994 and the counterfactual distribution in
2018 if all covariates were distributed as in 1994. As we can see, there were evident improve-
ments of the wage structure for workers at the lowest quantiles. However, this is not verified
for workers at the upper half of the wage distribution. The main message from Figure 2 is that
despite the fact workers had a definite improvement in their attributes (became more educated
































Figure 2: Counterfactual Analysis - aggregate decomposition
worker’s characteristics has dropped generally, especially for higher-skilled workers.
6.2 Composition effects
Table 5 exhibits the results for the individual decomposition for covariates (left panel) and co-
efficients (right panel). Now, instead of constructing the counterfactual distribution of wages in
2018 if all covariates were distributed as in 1994 (x0b1), we construct two alternative counter-
factual distributions: one if each single covariate was distributed as in 1994 (f ∗(w(1); y(0)));,
and other if each individual vector of coefficients was distributed as in 2018 (f ∗(w(0); βy(1))).
Hence, the individual covariate and coefficient effect will be given by (f ∗(w(1))−f ∗(w(1); y(0)))
and (f ∗(w(0); βy(1))− f ∗(w(0))) respectively.
Starting from the left panel, we can observe that the covariates gender, tenure, and firm
size had a negative impact on the wage distribution. There are mainly two reasons for this left
location shift: 1) Regarding gender, as women earn less than men in all quantiles (as shown
in Table 3), adding more women to the sample will shift the wage distribution to the left; 2)
Regarding tenure and firm size, as the average tenure at the firm and firm size decreased from
1994 to 2018, these covariates had a negative impact on the wage distribution.
Contrarily to the aforementioned covariates, education and age had a positive impact on
the wage distribution, and are quite more important in explaining changes in those distributions,
especially education. As shown in Figure 3, the education composition effect almost fully ac-
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Figure 3: Counterfactual Analysis - individual covariates
what is most remarkable on the impact of age and education on wages is the monotonic growth
of the estimated effects throughout the wage distribution: as we move from the 10th to the 90th
quantile, the effect of education and age on wages (especially the first) keeps increasing, mean-
ing wages at the top of the distribution have increased much more than wages at the bottom.
From Table 3, we have seen that the returns to education were monotonically increasing
with the quantiles. By estimating wage distributions and counterfactuals, we can conciliate
this evidence with changes that occurred in the composition of the workforce. In Portugal, the
massive increase in education, the factor associated with higher within-group dispersion, meant
the share of lower educated workers decreased and the share of more educated workers, the
ones with more dispersed wage distributions, increased. Hence, changes in educational levels
contributed to higher wage dispersion and greater inequality. Machado and Mata (2005) method
offers an elegant solution to isolate the impact of education on wage inequality, and quantify
it: holding coefficients constant, the change in the levels of education of the workforce would
have contributed to an increase of 15.2 log points of the 90/10 quantile ratio. The education
composition effect was not only the most important factor in explaining changes in the wage
distribution, but also the most important one contributing to greater wage inequality.
The main message is that although there was a decrease in wage inequality from 1994
to 2018, and education is many times seen as an important tool to mitigate wage inequality, it
actually was a driving force to a less equal wage distribution. Until now, we have considered that
coefficients remained constant. However, the changes that occurred in the returns to education













































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































The right panel (Table 5) exhibits the individual effects of coefficients. Contrarily to the previ-
ous analysis, we are interested in how the coefficients changed for each quantile between 1994
and 2018, not in changes in the composition of the workforce. As we can observe, only the
changes in coefficients of gender and tenure have contributed to the right shift of the wage dis-
tribution, since 1) the gender wage gap decreased for all quantiles; 2) the return to tenure has
increased for all quantiles, except for the 10th quantile. The distribution of the returns to tenure
has become more dispersed since top quantiles benefited much more from higher returns.
An interesting feature reported in Table 5 (with more detail in Figure 4(a)) is the decrease
in the returns to age and firm size, especially the first one. As Portugal, Raposo, and Reis
(2018) reported, there was a steep decline in the value placed in labour market experience in
Portugal, especially for workers located at the lower quantiles. This drop had a major influence
in explaining the negative contribution of all coefficients to the aggregate decomposition.
Finally, it can be seen that the observed decline in the returns to education shifted the wage
distribution to the left. However, this decrease was more pronounced and concentrated at the
lower part of the wage distribution. If we consider a higher number of percentiles (Figure 4(b)),
we observe that the value placed on education for workers at top quantiles did not decrease.
Overall, this implies that the change in the distribution of returns to education in itself would
have increased the 90/10 ratio by 4.6 log points (holding composition effects constant), this
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(b) Education Structural effect
Figure 4: Counterfactual Analysis - individual coefficients
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6.4 Robustness check
Until now, the variable education has only been measured in a continuous fashion. By using
years of schooling as a proxy for education, we concluded that more educated individuals have
more dispersed wage distributions. However, as explored by Lemieux (2006a), the amount
of within-group dispersion among college-educated workers is much higher than among lower
education groups. Hence, to examine whether within-group dispersion is particularly higher for
this group, I also applied a different specification from (2), converting education into a discrete
variable, that has a value 1 for college graduates and 0 otherwise. With this specification, we
can assess the college/non-college wage differential for the selected quantiles.
Table 7 in the Appendix shows the results for the individual decomposition under the
new specification. The reported results for the composition effects are very similar to the ones
in Table 5. The main difference concerns the education composition effect, which is much
more inequality increasing than before. The increase in the share of college graduates in the
workforce was responsible for an increase of 19.7 log points of the 90/10 ratio. Furthermore,
much of this increase was concentrated in the upper half of the wage distribution, a different
finding from the results reported in Table 5.
On the other hand, the results for the structural effects are somewhat different relative to
previous results. Under this new specification, from 1994 to 2018, the returns to experience and
firm size have decreased much more in the higher quantiles. Additionally, the change in returns
to tenure had a greater impact on wage inequality. Finally, one major difference concerns the
decrease in the returns of having a college degree for all quantiles, this decrease being slightly
more pronounced in the higher quantiles. Combining the education composition and structural
effects under this new specification, we conclude that individuals with a college degree have
indeed more dispersed wage distributions than lower educated individuals, but from 1994 to




The results shown in this work present evidence that, from 1994 to 2018, education contributed
unequivocally to more wage inequality in Portugal, counteracting opposing forces that con-
tributed to less overall wage inequality. Comparing these results with the results obtained in
Machado and Mata (2005), I detect a stronger impact of the education composition effect on
wage inequality and explore the role of changing returns to education in explaining inequal-
ity changes. Overall, education has contributed to higher wage inequality via two mechanisms:
composition effects (observed increase in educational levels contributed to a more unequal wage
distribution) and structural effects (observed changes in returns to education affected much more
individuals at the bottom of the wage distribution). The two factors alone contributed to an in-
crease of 15.2 and 4.6 log points in the 90/10 ratio, respectively.
Conventional wisdom predicts that increasing the educational levels of the workforce
translates into a more balanced wage distribution. The problem with this claim is that, as this
study shows, the returns to education are not equally shared along the wage distribution: ed-
ucation increases much more wages of individuals at the top of the wage distribution than at
the bottom. In other words, more educated individuals have more dispersed wage distributions.
Given the fact this tendency has been aggravated from 1994 to 2018, by increasing the share of
more educated individuals in the economy, education is contributing to greater wage inequality.
The main question still left unanswered is why do more educated individuals have more spread
out wage distributions? I propose three different explanations.
Firstly, there may exist some unobserved information about the education of an individual.
Despite the fact the variable education in our model captures differences in years of schooling
or the maximum schooling level obtained, it does not capture differences in school quality or
areas of study, two unobserved attributes that could contribute to more within-group dispersion.
It could be that individuals at the bottom of the conditional wage distribution, having the same
“amount” of education relative to individuals located at the top of the same distribution, have
studied in worst schools or have chosen areas of study with lower labour market returns. These
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unobserved attributes are more dispersed among workers with tertiary education rather than
secondary education since there is much more heterogeneity of choice in opting for a college
degree or university than at the high school level. Table 8 in the Appendix shows the regular
wages (monthly basis) by area of study for a college graduate from a sample of 393,061 in-
dividuals in 2018. As we can see, the labour market places much more value on quantitative
areas of study (Mathematics, Engineering, and IT) oriented to the use of new technologies, and
less value on areas related to Arts, Teaching, and Social Services. Regarding school quality,
better and more selective universities may attract the brightest students and offer better training
in specific areas and better access to job opportunities in the labour market.
A second plausible explanation is over-education. If higher educated individuals end up
performing tasks that require fewer skills (and consequently worst paid jobs), the same workers
would be at a lower position in the wage distribution, exhibiting lower returns to education and
contributing to more within-group dispersion. Given the prominent rise in the proportion of
college graduates in Portugal, we might expect to see an increase in the share of overeducated
individuals with a college degree if the demand for more educated employees does not keep
up with supply. Pimenta and Pereira (2019) report that this share increased from 1995 to 2005
(from 20 to 30%) and stabilized until 2013. Despite this increase, the authors consider that the
majority of incoming college graduates in this period end up performing high skill tasks.
Finally, an alternative explanation concerns ability. Using a high-dimensional fixed effects
model, Cardoso, Guimarães, Portugal, and Reis (2018) report that for Portugal, the dispersion
of worker abilities, captured by the worker fixed effects, is much higher for college graduates
than for individuals with lower education. Additionally, the wage differential between the most
and less able workers should be considerably higher for jobs that require higher skills and more
abstract tasks (and consequently more education) than for medium/low-skilled jobs that require
routine or manual tasks. These two factors combined explain why more educated individuals
have indeed more disperse wage distributions.
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7.2 Conclusion
Concluding, this paper assesses the impact of education on changes in the Portuguese wage
distribution, from 1994 to 2018. During this period, the overall level of wages increased (real
average hourly wages grew by 25%), meaning the wage distribution shifted to the right. How-
ever, this growth was more pronounced in the bottom quantiles of the wage distribution, leading
to a decline in wage inequality measures. The presented results show that 1) education was the
most decisive covariate contributing to the overall wage growth; 2) the covariate that most con-
tributed to greater wage inequality, mostly for two reasons. First, the returns to education are
much higher in the upper half of the wage distribution than in the lower half, implying that an
increase in the overall educational levels of the economy would by itself contribute to higher
wage dispersion. Second, the returns to education became even more dispersed between 1994
and 2018.
This paper does not explore further the implications of the reported results. However,
a more cautious analysis should be done in the aftermath of this work to understand the real
mechanisms lying behind the inequalities in the graduate’s remunerations. While most edu-
cational policies are oriented to promote widespread access to College Education, they should
also be focused on correcting the existing inequalities in the College Education system, answer-
ing questions such as: which specific college degrees serve as a channel to higher-paying jobs;
which degrees have a better match between areas of study and market needs (job titles); and
which degrees prepare individuals to perform abstract tasks that are more difficultly replaced
by new disruptive technologies.
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9 Appendix
Table 6: Within-Group Dispersion for Education and Age Categories
Inequality Measures Worker Share
1994 2018 1994 2018
Less than 9th grade
90/10 0,786 0,543
Age<36 90/50 0.493 0.354 0.333 0.022
50/10 0.293 0.189
90/10 1.057 0.623
Age 36-45 90/50 0.655 0.445 0.172 0.051
50/10 0.402 0.178
90/10 1.145 0.694
Age>45 90/50 0.681 0.491 0.169 0.141
50/10 0.464 0.203
90/10 1.038 0.668




Age<36 90/50 0.764 0.420 0.176 0.218
50/10 0.541 0.202
90/10 1.331 0.938
Age 36-45 90/50 0.575 0.653 0.063 0.174
50/10 0.756 0.285
90/10 1.491 1.250
Age>45 90/50 0.648 0.914 0.040 0.171
50/10 0.843 0.336
90/10 1.483 0.940




Age<36 90/50 0.616 0.567 0.024 0.096
50/10 0.807 0.498
90/10 1.444 1.431
Age 36-45 90/50 0.612 0.725 0.013 0.081
50/10 0.832 0.706
90/10 1.662 1.748
Age>45 90/50 0.687 0.774 0.009 0.044
50/10 0.975 0.974
90/10 1.566 1.491























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table 8: Regular Wage by Area of Study of College Degree-2018
Sample
Area of Study Regular wage % N
(e)
Transport & Logistics 2891.336 0.12 473
Security Services 2541.418 0.17 653
Mathematics and Statistics 2303.911 1.07 4,216
Law 2301.811 2.24 8,823
Engineering 2247.488 14.27 56,094
IT 2106.849 4.62 18,140
Manufacturing 2101.653 0.27 1,067
Business 2084.006 17.78 69,891
Physical Sciences 1949.033 0.90 3,538
Behavioural & Social Sciences 1942.588 6.41 25,212
Architecture & construction 1791.689 1.67 6,567
Health 1791.532 11.48 45,122
Agriculture & Fishery 1773.549 0.75 2,966
Life Sciences 1697.606 1.44 5,649
Information & Journalism 1600.388 1.63 6,397
Humanities 1599.454 2.86 11,234
Environment Protection 1545.473 0.32 1,255
Unknown / not reported 1517.554 23.61 92,799
Personal Services 1481.309 0.55 2,166
Teaching and Education 1405.855 3.94 15,475
Veterinary Sciences 1397.952 0.48 1,876
Arts 1286.163 1.51 5,950
Social Services 1256.584 1.91 7,498
Total 100 393,061
Notes: Values obtained from Quadros de Pessoal- year 2018.
Restricts to full time wage earners with a college degree.
30
